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Abstract This paper presents a calibration method for
the speed-flow model of the HCM 2016 for freeways and
multilane highways allied to temporal analysis of traf-
fic stream. The proposed method was developed using a
sample of more than one million observations collected
by 23 traffic sensors on four highways in the state of Sa˜o
Paulo. The method is structured on Bayesian inference
and provided for each model parameters a probability
distribution function. The free-flow speed and capacity
presented a probability density function that approx-
imates a Normal distribution. The segment in which
the speed of traffic stream remain constant with the
increase of the traffic flow is lower than described in
HCM 2016, being in some cases close to zero. Along
with the proposed calibration method an analysis of
temporal variation is performed which shows a signifi-
cant variation in traffic behavior for different periods.
The free-flow speed, capacity and breakpoint distribu-
tions obtained through monthly and annual calibra-
tion were considered equal by means of Kolmogorov-
Smirnov test, different for the model calibration coeffi-
cient.
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1 Introduction
Important decisions of investments on highways are sig-
nificantly influenced by the results of analyses of one or
more existing or planned segments that form the high-
way. The analyses are directly associated to traffic flow
theories, which allow to describe the phenomenon re-
lated to traffic behavior. Thus, the traffic flow theories
become indispensable in the implementation of models
and tools for the planning and management of trans-
port infrastructures [1].
Traffic flow theories seek to describe the interaction
between vehicles, drivers and road infrastructure [2].
Among the main characteristics is the presence of ele-
ments with behavioral, spatial and temporal variability,
due to, respectively, the users of the system, the place
under analysis and the study period. Temporal variabil-
ity is related to the amount of data, data aggregation
and cover period. One day presents high variance of
traffic patterns that is represented mostly through the
use of peak hour factor (PHF) [3]. On the same idea,
different days of the week present different patters from
others, as example on Thursday and Sunday. This tem-
poral variability is also present in months and periods
of years.
Therefore, it is necessary to understand the impli-
cations that temporal variability has on traffic stream
behavior. This study aims to calibrate the HCM speed-
flow model for freeways and multilane highways trough
Bayesian Inference and analyze the impact of perform
it monthly and annually as well as to comprehend the
inner relationship between the model parameters ob-
tained through different periods. The option to use
the HCM framework consist that it has been widely
adopted worldwide as a main reference to estimate level
of service, included in Brazil.
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This paper is organized as follow. Firstly a literature
review on the subjects is presented: mathematical mod-
eling of the HCM speed-flow relationship and concepts
used to perform calibration - Bayes inference. Then,
traffic data used is presented. Next, the procedure to
perform the calibration of the speed-flow relationship
is describe as well as its results, followed by a compari-
son with other methods. Then an analysis of temporal
variability is performed. Finally conclusions and recom-
mendations are presented.
2 Literature Review
2.1 Mathematical modeling of the HCM speed-flow
relationship
The HCM 2010 and 2016 editions use the same math-
ematical modeling as the HCM 2000 to describe the
speed-flow relationship of traffic stream for multilane
and freeways [4,5,6]. The model consists of five param-
eters which represent a curve with two segments that
vary according to traffic flow, expressed by:

q ≤ bp , u = uf
bp < q ≤ qc , u = uf −
(
uf − qckc
)
·
(
q−bp
qc−bp
)α
(1)
Where:
– q: Traffic flow rate;
– u: Average speed;
– uf : Free-flow speed;
– qc: Flow at capacity;
– kc: Density at capacity;
– bp: Breakpoint; and
– α: Calibration coefficient.
The first segment is based on the assumption that
there is a speed threshold, characterized by the free-
flow speed (uf ), where the speed remains constant with
increasing traffic flow to a transition point (bp). The
second one consists of a convex curve anchored in bp
and density at capacity (kc) [7]. This segment is char-
acterized by the decrease of the average speed with the
increase of traffic flow. Figure 1 shows the families of
curves for freeways and multilane of the HCM 2016.
Both freeways and multilane used the same mathemat-
ical modeling to represent traffic behavior being the
main differences the values used for the breakpoint [5,
6].
(a)
(b)
Fig. 1: HCM 2016 Speed-flow curves for (a) Freeway
and (b) Multinale
2.2 Bayesian inference
In science, all available information about a natu-
ral phenomenon is always incomplete, and knowledge
about nature is necessarily probabilistic. Thus, statis-
tical inference is based on a theory of probability [8].
Over time, two main approaches of statistical in-
ference were developed based on different definitions
of probability: the classic, also called frequentist, and
Bayesian. In classical statistics, the concept of proba-
bility of an event is defined as the relative frequency
of occurrence of this event after successive repetitions,
whereas, in Bayesian statistics, the probability of an
event is the degree of knowledge about it [9].
2.2.1 Bayes Theorem
Bayesian Inference is a probabilistic statistical method
based on the Bayes’ theorem which consists of the prob-
ability of a hypothesis varying in time as more informa-
tion about it is added [10].
p(H|D) = p(H)p(D|H)
p(D)
(2)
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– p(H): is the probability of the hypothesis before
data observation; called prior probability;
– P (D): it is the probability of the data under any
circumstances; called the normalization constant;
– p(D|H): is the probability of the data under the hy-
pothesis in question; called the likelihood function;
and
– p(H|D): is the probability to be calculated after new
data are observed; called posterior probability.
In short, Bayesian analysis is a statistical method
that makes inferences about unknown quantities as
model parameters, joining previous knowledge about
the subject with existing evidence represented by a set
of data. Thus, a Bayesian model can be interpreted in
two parts: a likelihood function, which describes the
distribution of the data on the subject in question and
a prior distribution, which reflects the prior knowledge
about the subject, regardless of data observation. From
the likelihood function, the prior distribution and the
data observation, the prior knowledge is updated by
Bayes’ theorem, resulting in the estimation of the pos-
terior distribution [11].
In theory, posterior distributions contain all the in-
formation necessary to make inferences about the sub-
ject they represent. However, in practice, posterior dis-
tributions are difficult to estimate, especially analyti-
cally and for complex problems, since they involve the
calculation of multiple integrals. Thus, to obtain es-
timates of posterior distributions, most Bayesian an-
alyzes are structured in sophisticated computational
methods, such as simulation methods based on Markov
chain Monte Carlo [12,13].
2.2.2 Markov chain Monte Carlo
The MCMC methods correspond to simulation meth-
ods that, when correctly defined and implemented,
make it possible to perform successive samplings of
posterior distributions. The Monte Carlo step of the
MCMC methods consist in estimating the properties
of distributions by analyzing random samples of these
distributions while the Markov chains are based on the
concept that random samples are generated by specific
sequential processes in which the generation of a new
sample depends on the previous sample.
The convergence of MCMC process is difficult to de-
termine precisely and several methods have been pro-
posed. The Gelman and Rubin test is one of the most
popular in the literature [14]. The test evaluates the
convergence of the MCMC by the analysis of multiple
Markov chains. To do so, it is based on the principle
that if multiple chains converge, then they must be sim-
ilar to each other; and if they are not, the chains do not
converge.
To verify the similarity, the test performs a vari-
ance analysis, in which it compares the variance of
the estimated parameters of the model between the
same Markov chain and between the multiple chains.
A large difference between the variances indicates the
non-convergence of the MCMC method [15].
The test statistic is based on an internal parameter,
Rˆ, which represents the level of association between the
variances of a chain and multiple chains. The authors
of the test suggest that it is possible to safely assume
that the MCMC has achieved convergence when all pa-
rameters of the model have Rˆ < 1.1.
3 Data collection
In order to support the calibration of the HCM speed-
flow relationship for freeways and multilane highways,
a sample with more than one million observations was
used, collected by 23 traffic sensors on four highways
at Sa˜o Paulo state (SP-280, SP-348, SP-270, and SP-
021). The data were collected through inductive loops
installed in each traffic lane between 07/01/2011 and
06/01/2012 and consisted of number of vehicles and
average speed (for passenger cars and heavy vehicles).
For 8 of the 23 sites, data were available in 6-minutes
intervals while the 15 other sites, data were in 5-minute
intervals. According to the HCM, all sites in the sample
are basic segments and could be classified either as free-
ways (expressways with controlled access) or as divided
multilane highways (expressways without controlled ac-
cess).
Sites in the sample were also classified as “rural”
or “urban”, according to abutting land use. “Rural ex-
pressways” consist on highways isolated from the local
road network, producing mostly longer trips; “urban ex-
pressways” are those with greater integration with the
local area and carrying a significant number of local
trips. Road characteristics were obtained through [16]
and consist of highway type, abutting land use, num-
ber of lanes, post speed per vehicle type, vertical align-
ment, horizontal alignment and grade. Table 1 presents
a summary of each site used in the study.
Furthermore, data treatment and cleaning process
were performed with the purpose of removing obser-
vations considered inappropriate from a model calibra-
tion perspective through the guidelines made by the au-
thors that developed the manual. This procedure was
performed by filtering the original data through three
main criteria: traffic flow only composed by passenger
car, traffic under normal operations condition, and only
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Table 1: Characteristics of road segments
Highway km Direction Highway type Abutting land
use
Number
of lanes
Post speed
automobile
(km/h)
Post speed
heavy vehi-
cles (km/h)
Vertical
alignment
(m/km)
Horizontal
alignment
(/km)
Grade
(%)
SP-348 32,0 North Freeway Rural 4 120 90 37,2 42,3 3,5
SP-348 32,0 South Freeway Rural 4 120 90 37,2 42,3 -3,5
SP-348 50,0 North Freeway Rural 3 120 90 41,4 12,6 -3,0
SP-348 50,0 South Freeway Rural 3 120 90 41,4 12,6 3,0
SP-348 65,0 North Freeway Rural 3 120 90 20,9 21,8 -2,0
SP-348 65,0 South Freeway Rural 3 120 90 20,9 21,8 2,0
SP-348 87,0 North Freeway Rural 3 120 90 25,0 21,6 2,5
SP-348 87,0 South Freeway Rural 3 120 90 25,0 21,6 -2,5
SP-280 16,0 West Multilane Urban 3 100 90 20,0 35,4 2,0
SP-280 22,4 East Freeway Urban 3 100 90 22,0 61,2 -1,0
SP-280 22,4 West Freeway Urban 3 100 90 22,0 61,2 1,0
SP-280 29,5 East Freeway Urban 3 120 90 43,6 52,1 2,0
SP-280 37,0 East Multilane Rural 3 120 90 47,4 16,3 5,0
SP-280 37,0 West Multilane Rural 3 120 90 47,4 16,3 -5,0
SP-280 51,9 East Multilane Rural 3 120 90 33,5 20,1 4,5
SP-280 51,9 West Multilane Rural 3 120 90 33,5 20,1 -4,5
SP-280 59,6 East Multilane Rural 3 120 90 42,7 13,6 -2,0
SP-280 59,6 West Multilane Rural 3 120 90 42,7 13,6 -5,0
SP-280 75,9 East Multilane Rural 3 120 90 33,0 16,3 4,0
SP-280 75,9 West Multilane Rural 3 120 90 33,0 16,3 -4,0
SP-270 39,9 East Multilane Urban 2 80 80 53,2 78,2 6,5
SP-021 18,3 North Multilane Urban 4 100 80 5,4 18,5 -0,5
SP-021 22,3 South Multilane Urban 4 100 80 14,4 26,2 2,5
containing observations in which the free flow regime
applies. To accomplish the first two criteria, only data
collected by the sensors on the leftmost lane of each site
were used. Additionally, observations with presence of
any heavy vehicles were discarded (Pt > 0 %) in order
to not consider the heavy-vehicle factor impact. Also,
were discarded observations considered with anomalies,
such as negative average speed, traffic flow equal to zero
and associated average speed different than zero and
average speed bigger than 180 km/h.
The third filtering criteria was applied by splitting
free flow and congested regime through the threshold
of density at capacity. To this extent, it was assumed a
density at capacity for both “rural” and “urban” high-
ways, respectively, of 26 and 25 pc/(km.lane), as indi-
cated in [17] for highways located at Sa˜o Paulo state
in Brazil. Figure 2 shows data before and after treat-
ment for sensor located on SP-280 km 51,9 east. After
the treatment the sensor with more observations for the
period of one year had 81.232 and with less had 27.358
observations.
4 Calibration of speed-flow relationship
The method used for the calibration of the speed-flow
relationship of the HCM model for freeways and mul-
tilane highways through Bayesian inference consist of
the following steps: data collection and treatment of
the database; segments classification and definition of
density at capacity; definition of prior distributions
of model parameters; likelihood function and Markov
chain Monte Carlo; estimation of posterior distribution
(a)
(b)
Fig. 2: Observations of traffic flow and speed for SP-
280, km 51,9 east (a) Before treatment and (b) After
treatment
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of the model parameters and definition of a representa-
tive value for the posterior distribution.
4.1 Segments classification
It was chosen to classify the segments according to the
highway abutting land use, in “rural” and “urban” ar-
eas, as proposed by [17]. They describe that it makes
little sense to divide the highways of the state of Sa˜o
Paulo in freeways and multilane, as recommended by
HCM. Instead, they proposed a division between “ru-
ral” and “urban” highways as the main differences be-
tween freeways and multilane in the state of Sa˜o Paulo
refer to access control and the density of uncontrolled
access to the highway. This characteristics differ from
freeways and multilane in the US, which have distinct
physical characteristics, such as intersections and occa-
sional traffic signals.
The characteristics related to the highways of the
state of Sa˜o Paulo, access control and density of uncon-
trolled access, consist of typical attributes associated to
the highway abutting land use. The density at capacity
for rural and urban segments was determined as 26 and
25 pc/(km.lane), respectively.
4.2 Prior distribution
The distributions of the parameters, uf , qc, bp, α, of the
speed-flow relationship of the HCM 2016 model were
determined as uniform. The lower and upper range of
each parameter is shown in Table 2.
Table 2: Prior distribution of HCM model parameters
Parameter Type of distribution lower band upper band
uf Uniform 0 km/h 160 km/h
qc Uniform 0 pc/h.ln 2.800 pc/h.ln
bp Uniform 0 pc/h.ln 2.000 pc/h.ln
α Uniform 1 3
The option to use a uniform distribution to repre-
sent the model parameters is to choose a more objective
prior distribution possible, where it is assumed that the
behavior of the parameters is not known [18,19]. The
uniform distribution has the characteristic that all val-
ues located into the lower and upper bound interval
present the same probability of occurrence.
4.3 Likelihood function
The likelihood function was determined as a Normal
distribution. For this, the probability density function
(PDF) of the variable average speed of traffic flow was
analyzed. The distribution parameters, mean and stan-
dard deviation, were obtained from the processed data.
Figure 3 shows the probability density function of the
average speed of traffic flow for the sensor located on
SP-280 km 51,9 east with filtered data.
Fig. 3: Probability density function of average speed for
SP-280, km 51,9 east
4.4 Markov chain Monte Carlos configuration
The MCMC parameters were chosen by the analysis of
the posterior distribution, which involved the conver-
gence of MCMC process and data processing time. For
that, it was used 3 chains in MCMC with the same num-
ber of iterations and different start values. The reason
to use different MCMC configurations was to perform
the Gelman and Rubin test, which aims to investigate
the convergence of MCMC process.
4.5 Results for the calibration
For the period of one year, the estimation of the param-
eters of the speed-flow relationship of the HCM model
was performed for the 23 collection points, 15 of which
reached the highway capacity. Altogether 16 segments
were classified as rural and 7 as urban highways. In the
results were evaluated: posterior distributions of param-
eters; MCMC convergence process; and comparison be-
tween values obtained from the proposed method with
HCM 2016 [6] and Andrade and Setti [17].
4.5.1 Posterior distribution
Figure 4 shows the posterior distributions of uf , qc, bp
and α, referring to SP-280 km 51,9, east. The mean of
the distribution was used as the representative value
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of the posterior distributions, which in this case, corre-
sponds to 109.6 km/h for uf , 2254 pc/h.lane for qc,
383 pc/h.lane for bp and 1.45 for α. As a compari-
son, the values obtained with HCM 2016 [6] for the
same location were 109.8 km/h for free-flow speed,
2300 pc/h.lane for capacity, 1400 pc/h.lane for break-
point, and 1.31 for calibration coefficient.
Noteworthy is the difference in the breakpoint val-
ues, which correspond to more than one thousand
pc/h.lane regarding to the mean of the distribution and
close to one thousand in relation to the distribution
maximum value. It is also highlighted that for SP-280
km 51,9, east the HCM 2016 [6] free-flow speed, capac-
ity and calibration coefficient have values that are close
to their respective distributions obtained through the
proposed method.
The shape of parameters distribution for all collec-
tion points used in the study range from Normal to
Exponential distributions. Free-flow speed and capac-
ity presented only Normal distribution, while bp and
α presented mostly Normal distribution, but in some
cases, a Exponential distribution was detected. For bp
and α, this occurred, respectively, 4 and 6 times in a
total of the 23 collection points used in the study.
4.5.2 MCMC convergence
The MCMC analysis was based on the verification of
the MCMC convergence and the data processing time.
For the convergence analysis, the autocorrelation and
the variation of samples values were verified by means
of a graphical analysis allied to the statistical test of
Gelman and Rubin. Table 3 presents the settings used
in the process, where Burn in consists of discarding the
initial iterations while Thin corresponds to the discard
of iterations at successive intervals.
Table 3: Markov chain Monte Carlo configurations
MCMC
Configuration Iterations Burn in Thin
1 20.000 0 0
2 30.000 10.000 0
3 50.000 30.000 0
Figures 5, 6, 7 and 8 show the variation of sam-
ple values generated by the MCMC configurations and
the autocorrelation, respectively, for uf , qc, bp and α
referring to SP-280 km 51,9, east.
Figures 5, 6, 7 and 8 show for all the MCMC
configurations used that according to the increase in
the number of iterations the autocorrelation decreases,
(a)
(b)
(c)
(d)
Fig. 4: Histograms for the proposed calibration method,
HCM 2016 [6] and Andrade and Setti [17] for (a) Free-
flow speed (b) Capacity (c) Breakpoint and (d) Cali-
bration coefficient
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(a) (b)
Fig. 5: Samples values (a) and autocorrelation (b) in
function of number of iterations for uf
(a) (b)
Fig. 6: Samples values (a) and autocorrelation (b) in
function of number of iterations for qc
(a) (b)
Fig. 7: Samples values (a) and autocorrelation (b) in
function of number of iterations for bp
(a) (b)
Fig. 8: Samples values (a) and autocorrelation (b) in
function of number of iterations for α
indicating a convergence of the process. With the de-
crease in autocorrelation and the increase in the number
of iterations, the variation of the parameter values vary
around a well delimited area, pointing to a convergence
of MCMC. It is highlighted that the larger the delimited
area, the greater the credible region of the parameter,
and the smaller the area, the lower the credible region,
which graphically is represented by the area between
the upper and lower limits of the speed-flow curves es-
timated by the proposed method.
In addition to the graphical analysis, the Gelman
and Rubin test was applied, which provides indications
of the convergence of the MCMC process by means of a
statistical method based on the analysis of variance be-
tween different MCMC chains. For all collection point
used in the study, all the parameters estimated pre-
sented Gelman and Rubin values Rˆ less than 1.1, which
corroborates the convergence of MCMC process.
4.6 Comparison with other methods
The comparison between methods consists of an analy-
sis of the parameters values estimated by the proposed
method, HCM 2016 [6] and Andrade and Setti [17], al-
lied to a graphical analysis of the speed-flow curves. Fig-
ures 9 and 10 show traffic flow and speed observations
with the speed-flow curves obtained by the proposed
method along with their respective credible regions of
95%, and the curves referring to HCM 2016 [6] and An-
drade and Setti [17].
Figure 9a and 9b represent sensors located, respec-
tively, on SP-348, km 32,0 north and on SP-280, km
51,9 east, which correspond to rural segments of free-
way and multilane. Figure 10a and 10b are related to
sensors located, respectively, on SP-280, km 29,5 east
and on SP-021, km 18,3 north that correspond to urban
segments of freeway and multilane.
In the HCM speed-flow model for multilane and
freeways, the curves are defined as a function of the
free-flow speed (uf ). Thus, the estimation of this pa-
rameter becomes a fundamental step for the model cal-
ibration. For the HCM 2016 [6] and Andrade and Setti
[17], the curves were determined through the free-flow
speed, which was calculated by the average speed for
successive intervals of traffic flow of 50 pc/(h.lane) to
350 pc/(h.lane) and rounded to the nearest km/h, vary-
ing between 72 and 122 km/h.
Figure 11 presents the parameters histograms for
the proposed calibration method, HCM 2016 [6] and
Andrade and Setti [17]. In general, the four model pa-
rameters, free-flow speed, capacity, breakpoint and cali-
bration coefficient, approximated the values of Andrade
and Setti [17] than the HCM 2016 [6], as expected, since
it speed-flow curves were adapted to local conditions.
The free-flow speed obtained by the proposed
method presents values really close to the other meth-
ods discussed and, therefore, is considered well defined.
Regarding to the traffic flow at capacity, the proposed
method present values close those obtained by An-
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(a)
(b)
Fig. 9: Speed-flow curves for rural highways (a) Freeway
located on SP-348, km 32,0 north and (b) Multilane
located on SP-280 km 51,9 east
drade and Setti [17] with a maximum difference be-
tween then of 205 pc/h.lane and a standard deviation
of 108 pc/h.lane. As in comparison to HCM 2016 [6],
the maximum difference of values is 375 pc/h.lane and
a standard deviation of 191 pc/h.lane.
The calibration coefficient obtained by the proposed
method comprises a range of values between 1 and 2.22,
while the methods used for comparison present only
two values, which vary according to the type of high-
way classification. The average of it values for rural and
urban highways is equal to values present in Andrade
and Setti [17].
In relation to the breakpoint, this presents values
much lower than those obtained by HCM 2016 [6] and
varies around the values of Andrade and Setti [17]. In
some cases the breakpoint obtained by the proposed
method is close to zero, which suggests the existence
of a plateau in which the free-flow speed remains con-
(a)
(b)
Fig. 10: Speed-flow curves for urban highways (a) Free-
way located on SP-280, km 29,5 east and (b) Multilane
located on SP-021, km 18,3 north
stant can be much smaller than expected, or even non-
existent. Along with that, the breakpoint does not in-
crease with the free-flow speed decrease for freeways or
remain constant for multilane as in HCM 2016 [6]. Fig-
ure 12 represents the dispersion graph for urban and
rural highways.
As for segments classification, free-flow speed, ca-
pacity, speed at capacity, breakpoint, and calibration
coefficient tend to be on average higher for rural high-
ways in relation to urban as shown by Table 4. This is
related to the use of these types of highways, in which
rural highways are commonly used for long trips while
urbans are related to local trips.
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(a)
(b)
(c)
(d)
Fig. 11: Histograms for the proposed calibration
method, HCM 2016 [6] and Andrade and Setti [17] for
(a) Free-flow speed (b) Capacity (c) Breakpoint and (d)
Calibration coefficient
5 Analysis of temporal variation
The monthly calibration of the speed-flow relationship
of the HCM model was performed for the 23 collec-
tion points. For each collection point, it was considered
a range of data bigger than 2000 observation per pe-
riod of analysis - month. This is related to a minimum
amount of data considered necessary to perform a cal-
ibration and the criteria used to filter the data base -
Fig. 12: Relation between free-flow speed and break-
point for rural and urban highways
Table 4: Descriptive analysis for abutting land use for
the period of one year
Abutting land use
Rural Urban
uf qc bp α uc uf qc bp α uc
Count 16 16 16 16 16 7 7 7 7 7
Mean 115,5 2.461 468 1,52 91.4 96,18 2.016 206 1,31 80,6
Std 5,6 167 269 0,40 10,4 11,0 209 248 0,30 8,4
Min 103,0 2.190 59 1,01 65,1 79,3 1.694 8,7 1,00 67,7
25% 111,7 2.352 316 1,24 84,5 90,2 1.900 54 1,01 67,8
50% 115,8 2.489 429 1,44 94,7 100,8 2.110 62.6 1,36 84,4
75% 119,3 2.583 662 1,82 97,9 103,5 2.138 278 1,51 85,5
Max 126.3 2.776 937 2,22 106,8 105,9 2.232 711 1,74 89,3
traffic flow only composed by passenger car, traffic un-
der normal operations condition, and traffic under free-
flow regime. Thus, the minimum of month considered
appropriated for calibration in a period of one year was
10 and maximum 12. In the results of temporal analy-
sis variation were considered: posterior distributions of
parameters and MCMC convergence; parameters vari-
ation for each month and comparison with the values
obtained with the one year calibration.
5.1 Posterior distribution and MCMC convergence
As in the calibration performed for one year period, all
the parameters presented convergence in the MCMC
process. For that it was performed a graphical analysis
allied to the Gelman and Rubin test. The same MCMC
configuration applied for the period of one year was
used.
The means were used as representative value for the
parameters posterior distribution. The shape of the pa-
rameters distribution for all collection point obtained
through the monthly calibration presented the same
pattern as for the calibration performed in the period of
one year. Free-flow speed and capacity presented only
Normal distribution while breakpoint and calibration
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coefficient presented Normal and Exponential distribu-
tion.
5.2 Parameters estimated monthly
The monthly calibration present parameters with a
variance between periods. Figures 13 and 14 show traffic
flow and speed observations with the speed-flow curves
with their respective credible region of 95% obtained
by the calibration for the period of one year along with
the curves obtained through the calibration performed
monthly.
(a)
(b)
Fig. 13: Speed-flow curves for rural highways (a) Free-
way located on SP-348, km 32.0 north and (b) Multi-
lane located on SP-280 km 51,9 east
The curves represent the variation of traffic flow pat-
terns for different periods. This is related to the amount
of data used to perform a calibration and to its level
(a)
(b)
Fig. 14: Speed-flow curves for urban highways (a) Free-
way on SP-280, km 29,5 east and (b) Multilane located
on SP-021, km 18,3 north
of aggregation. Both attributes are directly related to
level of detail desired to represent traffic stream. As can
been seen, there is a clear variance between months and
for the period of one year. Figure 15 shows the boxplot
graph for each parameters estimated monthly for the
HCM model calibrated to Brazilian freeways and mul-
tilane for all collection point used in the study.
The free-flow speed has different boxplot centers
that can be related to the spatial variation of traffic flow
which, in this case, is mainly associated with the post
speed of each road segment location. The monthly tem-
poral variation is represented for each collection point
used in the study where the minimum and maximum
standard deviation of 0.54 and 4.13 km/h correspond,
respectively, to the sensor located at SP-380 km 87.0 to
south and SP021 km 22.3 south. The biggest difference
between the minimum and maximum free-flow speed
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(a) (b)
(c) (d)
Fig. 15: Boxplot graph for (a) Free-flow speed (b) Capacity (c) Breakpoint and (d) Calibration coefficient
obtained for each month was 10 km/h and is related to
the sensor localed on SP-021 km 22,3 south.
For the capacity (qc) the minimum and maxi-
mum standard deviation is equal to 13.7 pc/h.ln and
152.5 pc/h.ln and correspond, respectively to sensor lo-
cated on SP-280 km 22,4 west and SP-280 km 59,6
east. The biggest difference between the minimum
and maximum capacity obtained for each month was
552.2 pc/h.ln and is related to the sensor localed on
SP-280 km 59,6 east.
The breakpoint has the highest number of outliers
between all model parameters and presented a mini-
mum standard deviation of 7,3 pc/h.ln and a maximum
of 247,5 pc/h.ln related respectively to sensor located
on SP-280 km 16,0 west and SP-021 km 22,3 south.
Also, the biggest difference of breakpoint for different
months into the same collection point was 816,2 pc/h.ln
and is related to the sensor localed on SP-021 km 22,3
south.
Standard deviations from breakpoint and capacity
show significant variation. The difference between them
in relation to capacity reach up to 63% for the max-
imum standard deviation. Noteworthy that both pa-
rameters are measured in the same physical quantity,
pc/h.lane.
For the calibration coefficient (α) the minimum and
maximum standard deviation is equal to 0.01 and 0.049
and correspond, respectively to sensor located on SP-
280 km 16,0 west and SP-021 km 22,3 south . The
biggest difference between the minimum and maximum
breakpoint obtained for each month was 1.35 and is
related to the sensor localed SP-280 km 51,9 west.
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Overall the free-flow speed presented a small vari-
ance of its values for the same collection point and
therefore its behavior is considered well defined. The
same occurs with the capacity and for that its behavior
is also considered well defined.
Different for the free-flow speed and capacity, the
breakpoint presents a high variance for the same col-
lection point and for collections point with similar at-
tributes, as number of lanes, grade and post speed.
For that it is considered that breakpoint presented a
fuzzy behavior. Lastly, the calibration coefficient has
the highest variation in relation to the other traffic pa-
rameters and thus is considered to present a behavior
not well defined.
5.3 Relationship between monthly and annual
calibration
In order to analyze the relationship between the cal-
ibration for different periods of time a two-sided
Kolmogorov-Smirnov test is performed. The null-
hypothesis is that there is no differences between the
two distributions. Therefore, it is verified if the traf-
fic parameters distribution obtained monthly and an-
nual are derived from the same probability distribution
function. Figure 16 shows for each parameter of traf-
fic the results of the Kolmogorov-Smirnov test and the
estimated probability density function obtained for the
monthly and annual calibration.
For the free-flow speed, considering a significance
level of 0.01, the Kolmogorov-Smirnov test assumes
that parameters distribution obtained through monthly
and annual calibration are identical as it presents a
p-value of 0.9926. The same occurs for capacity as it
present a p-value of 0.9943. Different, the breakpoint
distributions obtained monthly and annual can no te be
considered equal with a significance of 0.01 although it
present a high p-value of 0.9322. The calibration coef-
ficient presents a small p-value of 0.2955, which consist
that the parameter distribution obtained are not equal.
6 Conclusions and recommendation for future
research
This paper proposes a calibration method for the speed-
flow relationship of the HCM 2016 [6] for freeways and
multilane highways. The method is based on Bayesian
Inference and was calibrated using speed-flow data col-
lected in 23 permanent traffic sensors in four highways
in the state of Sa˜o Paulo. As advantages, the method
provides the models parameters in a unique procedure
(a)
(b)
(c)
(d)
Fig. 16: Probability density function for different peri-
ods for (a) Free-flow speed (b) Capacity (c) Breakpoint
and (d) Calibration coefficient
as a probability distribution function with a credible re-
gion, and therefore, speed-flow curve. The metric used
to represent the pdf is the distribution mean. As dis-
advantage, is the method implementation that is more
complex than traditional procedures and demands more
processing time.
Compared to the HCM 2016 [6] and Andrade and
Setti [17], the proposed calibration method presents: (1)
Free-flow speed almost identical; (2) Capacity close to
those present on other methods, especially to Andrade
and Setti [17]; (3) Breakpoint ranges values around An-
drade and Setti [17] and significantly lower than on
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HCM 2016 [6], being in some case close to zero, which
suggest that traffic stream starts to reduce speed earlier
than expected; (4) Also, breakpoint does not increase
with the free-flow decrease as described in the HCM
2016 [6], instead it presents a fuzzy behavior; (5) cali-
bration coefficient average for rural and urban highways
is equal to Andrade and Setti [17].
In order to analyze the influence of temporal varia-
tion a monthly calibration was performed for all collec-
tion points used in the study. The temporal variation
represents the monthly traffic stream patterns during
a period of one year. The monthly variation presents
free-flow speed with a small variance for most of the col-
lection points and in some cases the difference between
its values for different months reach up to 10 km/h.
Capacity has a relative small variance that goes up
to 152 pc/h.lane in the period. The breakpoint shows
a high variance for a range of collections points, that
could reach up to 250 pc/h.lane while the calibration co-
efficient presents a high variance for most of the points
used in the study.
The free-flow speed and capacity obtained monthly
and annual are considered to be derivate from the same
probability function as it presented a p-value higher
than 0.99 in the two-tail Kolmogorov-Smirnov test. The
breakpoint and calibration coefficient obtained monthly
and annual cannot be considered from the same prob-
ability distribution function considering a significance
level of 0.01.
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